Long-term oxygen therapy (LTOT) has become standard care for the treatment of patients with chronic obstructive pulmonary disease (COPD) and other severe hypoxemic lung diseases. The use of new portable O 2 concentrators (POC) in LTOT is being expanded. However, the issue of oxygen titration is not always properly addressed, since POCs rely on proper use by patients. The robustness of algorithms and the limited reliability of current oximetry sensors are hindering the effectiveness of new approaches to closed-loop POCs based on the feedback of blood oxygen saturation. In this study, a novel intelligent portable oxygen concentrator (iPOC) is described. The presented iPOC is capable of adjusting the O 2 flow automatically by real-time classifying the intensity of a patient's physical activity (PA). It was designed with a group of patients with COPD and stable chronic respiratory failure. The technical pilot test showed a weighted accuracy of 91.1% in updating the O 2 flow automatically according to medical prescriptions, and a general improvement in oxygenation compared to conventional POCs. In addition, the usability achieved was high, which indicated a significant degree of user satisfaction. This iPOC may have important benefits, including improved oxygenation, increased compliance with therapy recommendations, and the promotion of PA.
Introduction
Oxygen is a substantial element in the sustenance of human life. Of the hundreds of tasks that oxygen performs in the human body, two stand out for their importance: detoxification and energy production. However, some diseases affect the ability of the lungs to perform the gas exchange necessary to incorporate oxygen into the bloodstream and to release carbon dioxide. In many situations, extra oxygen is needed when the respiratory system cannot maintain an adequate pulmonary exchange of physiological gases. This therapeutic use of supplemental oxygen is defined as oxygen therapy and it aims at increasing the inspired oxygen fraction (FiO 2 ). Therefore, when medically prescribed, oxygen is a drug. Oxygen therapy is an established treatment, and it continues to be one of the most important measures in the management patients with progressing chronic respiratory disease. In this case, the main objective of oxygen therapy is to improve tissue oxygenation and to correct the severe hypoxemia that these patients usually present with in the advanced stages of the disease [1, 2] . The goal is to maintain oxygenation levels above the range of respiratory failure, defined by an O 2 blood partial pressure [PaO 2 ] > 60 mmHg, and an oxygen saturation measured by pulse oximetry [SpO2] > 90%. such as tachycardia, increased respiratory rate, arterial hypertension and, in the long term, serious problems such as pulmonary hypertension and cor pulmonale, among others. On the other hand, excessive levels of blood oxygen can cause hypercapnic encephalopathy in some patients. In this regard, the patients receiving LTOT are generally instructed to adjust the oxygen flow according to the activities of daily living. Oxygen flow is therefore routinely targeted to maintaining the desired oxygenation range. However, this task places a burden on patients that often affects adherence to therapy, and the existing methods of oxygen delivery may not be sufficient when the patient's activity, and therefore the demand of oxygen, increases [20] . It has been reported that patients with COPD and moderate hypoxemia have frequent and eventually significant desaturations during activities of daily living and at night [21] .
Adapting oxygen therapy to dynamic patients' needs appears to be a key challenge. Among the primary goals of the dynamic and adaptive oxygen flow adjustment are: (a) the optimization of therapy and safety by minimizing the number of desaturation episodes, preventing periods of hyperoxia and hyperoxia [12] ; (b) the customization of the oxygen flow to the individual needs of patients; and (c) oxygen consumption optimization.
In traditional flow oxygen delivery, the titration of oxygen therapy is generally performed manually by selecting the level of oxygen flow [22] . In LTOT, this manual adjustment of oxygen flow is carried out by patients themselves to meet their changing needs. The current POCs have a manual flow regulator that is adjusted by prescription to a specific level of flow measured in litres or pulses. Existing flow regulators modify the flow mechanically, by manipulating a valve, or electronically, by means of a keypad integrated into the device. However, the manually continuous adjustment of the oxygen flow rate is a time-consuming task that requires experienced and trained patients [23] , and this can lead to the improper use of the device and consequently to a poor quality flow adjustment during the changing daily activities, which is usually linked to unintended delays and periods of desaturation [24, 25] . Given the advanced average age of patients with COPD under LTOT [26] , the probability of inadequate use of the device is significant.
Very recently, the abovementioned limitations led to the search for new physiological closed-loop devices (PCLC) that timely adjust oxygen flow rates to the needs of patient automatically [22] . PCLC medical devices use one or several physiological sensors to manipulate a physiological variable autonomously according to the guidelines given by clinicians [27] . Exponents of PCLC in respiratory medicine are the novel intelligent portable oxygen concentrators. Most of the published articles on technologies for PCLC in oxygen therapy for adults are from post-2010, indicating that these devices are a relatively new field in the respiratory speciality. These devices may potentially optimize oxygen therapy, reduce the workload of health professionals, minimise medical error, shorten health care costs, and decrease mortality and morbidity [28, 29] .
Intelligent POCs include three main components: a system for monitoring the patient's oxygenation, an algorithm to estimate the O 2 flow settings to achieve the targeted oxygenation level, and an O 2 source [20] . Figure 1 depicts the global architecture of a PCLC oxygen therapy device.
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As a consequence, the development of innovative physiological sensors and predictors of oxygen desaturations to enable autonomous therapy and support its clinical validity is still an on-going challenge [35] .
In addition to technological matters, patient perceptions on usability and adequacy of POCs is an issue. In a recent study, 51% of the patients under LTOT consulted reported oxygen problems related to equipment malfunction, a lack of physically manageable portable systems, and a lack of portable systems with high flow rates [36] . In that study, 44% of respondents referred to the limitations in activities outside the home imposed by inadequate portable oxygen systems.
In summary, despite their potential and the existing end-users (patients) demand, PCLC oxygen therapy devices are scarcely found in real clinical applications. The robustness of control algorithms, the limited reliability of sensors, safety and usability issues, among others, can underlie this lack of clinical implementation [25] .
In this work, we propose an alternative approach that enables a POC to be transformed into an intelligent POC (iPOC) to adjust the oxygen flow automatically in patients with COPD and respiratory failure that receive LTOT. The proposed system is based on the automatic classification of the intensity of the patient's physical activity and can adjust the oxygen flow to individual real-time needs autonomously. It is a transdisciplinary work, rooted in the field of respiratory medicine, with contributions from electronics, control theory, computer science and artificial intelligence.
An external portable electronic system was designed and integrated into a commercially available POC. The system comprised two units: 1) a sensor unit attached to the patient, that classifies the physical activity in real-time; and 2) a receiver unit, interfaced to the POC, that adjusts the oxygen flow according to the input from the sensor unit automatically. The algorithm for the automatic recognition of physical activity was trained and validated using machine learning techniques. A circuit was designed to gather data for personalizing models and to evaluate the system performance in a group of patients with COPD and respiratory failure receiving LTOT.
The rest of the paper is organised as follows. Section 2 details the participants, materials, devices and methodology applied to develop the iPOC system and to conduct the experiments. In Section 3, the results achieved are presented and discussed. Finally, Section 4 captures the conclusions and future works.
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Materials and Methods

System Architecture and Working Principle
Sensor Unit
The sensor unit is a portable module placed on the patient's chest. Accelerometer-and gyroscope-based physical monitoring systems have been shown to be able to discriminate between different daily activities [39] [40] [41] [42] . Each of these physical activities leads to a different level of energy expenditure, and in patients under LTOT, to different oxygen flow requirements. For the estimation of the intensity of physical activity, an inertial measurement unit (IMU) based on MEMs technology was used. This IMU included a three-axis accelerometer, a triple-axis gyroscope, and a barometer. The signals acquired by the IMU were processed using a microcontroller (MCU) and digital signal processing techniques to extract features useful for discrimination. A classification model, trained and validated using machine learning algorithms, automatically classified the intensity of the activity and transmitted this information wirelessly to the control unit. 
The sensor unit is a portable module placed on the patient's chest. Accelerometer-and gyroscope-based physical monitoring systems have been shown to be able to discriminate between different daily activities [39] [40] [41] [42] . Each of these physical activities leads to a different level of energy expenditure, and in patients under LTOT, to different oxygen flow requirements. For the estimation of the intensity of physical activity, an inertial measurement unit (IMU) based on MEMs technology was used. This IMU included a three-axis accelerometer, a triple-axis gyroscope, and a barometer. The signals acquired by the IMU were processed using a microcontroller (MCU) and digital signal processing techniques to extract features useful for discrimination. A classification model, trained and validated using machine learning algorithms, automatically classified the intensity of the activity and transmitted this information wirelessly to the control unit.
The sensor unit incorporated a Mealy finite-state machine (FSM) after the classification stage as a safety mechanism ( Figure 3 ) to prevent abrupt changes in the flow of oxygen (e.g., change of state from a sedentary level to a moderate one or vice versa).
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In order to conduct the research, two prototypes of the sensor unit were developed, each with different purposes and requirements. The first prototype was designed to perform raw-data collection using a µSD card during the training and internal validation of the machine learning models ( Figure 4 ). It was equipped with a SAM-D21 (ARM M0+ 32bits, 256KB Flash, 32KB RAM) microcontroller. An RGB LED was added to show the device state (e.g., error state, standing state, starting data recording state and recording data state). The second prototype was implemented to host the final trained classification model including the FSM. It featured an ARM M0 (32bits, 128KB Flash and 24KB RAM) and wireless Bluetooth Low Energy (BLE) communications. Both prototypes were equipped with the 9-axis MEMS sensor LSM9DS1, which includes 3 digital acceleration channels (±2/±4/±8/±16 g linear acceleration full scale), 3 angular rate channels (±245/±500/±2000 dps angular rate full scale), SPI/I2C serial interfaces, 16-bit data output and programmable interrupt generators. In addition, an LPS25HB MEMS piezoresistive pressure sensor was used. The PS25HB barometer measurement range is from 260 to 1260 hPa. Pressure sensor information showed poor sensitivity for real-time classification purposes and was not used in the study. Both PCBs incorporated a 600 mAh lithium polymer (LiPo) battery, management connectors and circuits. The housing of the final prototype was designed with a double patient fixation option: nasal cannula tube fixation ( Figure 5a ) and thoracic elastic band fixation ( Figure 5b ). The second prototype was implemented to host the final trained classification model including the FSM. It featured an ARM M0 (32bits, 128KB Flash and 24KB RAM) and wireless Bluetooth Low Energy (BLE) communications. Both prototypes were equipped with the 9-axis MEMS sensor LSM9DS1, which includes 3 digital acceleration channels (±2/±4/±8/±16 g linear acceleration full scale), 3 angular rate channels (±245/±500/±2000 dps angular rate full scale), SPI/I2C serial interfaces, 16-bit data output and programmable interrupt generators. In addition, an LPS25HB MEMS piezo-resistive pressure sensor was used. The PS25HB barometer measurement range is from 260 to 1260 hPa. Pressure sensor information showed poor sensitivity for real-time classification purposes and was not used in the study. Both PCBs incorporated a 600 mAh lithium polymer (LiPo) battery, management connectors and circuits. The housing of the final prototype was designed with a double patient fixation option: nasal cannula tube fixation ( Figure 5a ) and thoracic elastic band fixation ( Figure 5b ). resistive pressure sensor was used. The PS25HB barometer measurement range is from 260 to 1260 hPa. Pressure sensor information showed poor sensitivity for real-time classification purposes and was not used in the study. Both PCBs incorporated a 600 mAh lithium polymer (LiPo) battery, management connectors and circuits. The housing of the final prototype was designed with a double patient fixation option: nasal cannula tube fixation ( Figure 5a ) and thoracic elastic band fixation ( Figure 5b ). The sensor unit draws around 10 mA with 60 mA peaks when Bluetooth communications are used. In the worst scenario, considering an average consumption of 30 mA and the 600 mAh battery, the unit performs monitoring for about 14 h using the 600 mAh battery. This operating time is significantly longer than that of the oxygen concentrator, which ranges from 2 to 5 h.
The sensor unit was placed in the chest of the user, just at the end of the sternum. It has been reported that this location generates fewer motion artefacts due to movements compared to systems placed on the wrist, ankle or the belt [43] . The unit was mounted to ensure that the Y-axis of the IMU pointed at the head of the subject, and the Z-axis in the walking course. (Figure 6 ). The sensor unit draws around 10 mA with 60 mA peaks when Bluetooth communications are used. In the worst scenario, considering an average consumption of 30 mA and the 600 mAh battery, the unit performs monitoring for about 14 h using the 600 mAh battery. This operating time is significantly longer than that of the oxygen concentrator, which ranges from 2 to 5 h.
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Control Unit
The control unit receives the estimate of the intensity of the patient's physical activity and is responsible for adjusting the oxygen flow supplied to the patient according to the instructions established during the process of tuning of the therapy. The control unit includes an MCU and wireless communication capabilities, and interfaces directly with the POC. It was equipped with an ARM M0 (32bits, 128KB Flash and 24KB RAM), wireless BLE communications, an RGB LED, and a push-button to activate the automatic mode in the POC (Figure 7) . The unit was directly powered from the POC. 
The control unit receives the estimate of the intensity of the patient's physical activity and is responsible for adjusting the oxygen flow supplied to the patient according to the instructions established during the process of tuning of the therapy. The control unit includes an MCU and wireless communication capabilities, and interfaces directly with the POC. It was equipped with an ARM M0 (32bits, 128KB Flash and 24KB RAM), wireless BLE communications, an RGB LED, and a push-button to activate the automatic mode in the POC (Figure 7 ). The unit was directly powered from the POC.
Sensors 2020, 20, 1178 8 of 23 established during the process of tuning of the therapy. The control unit includes an MCU and wireless communication capabilities, and interfaces directly with the POC. It was equipped with an ARM M0 (32bits, 128KB Flash and 24KB RAM), wireless BLE communications, an RGB LED, and a push-button to activate the automatic mode in the POC (Figure 7 ). The unit was directly powered from the POC. The control of the concentrator by the control unit was carried out by simulating physical pulses to the increase and decrease buttons in the touch keyboard of the POC. As a consequence, the interface between the control unit and the POC was implemented using a 5-pin connector that enabled the power supply of the unit and the switching of the signals to increase or decrease the flow. In addition, a 6-pin male connector was included to enable the personalisation of different oxygen levels settings using header jumpers (see Table 1 and Section 2.1.2). As an example, the setting number 2 should be selected (jumper P2 on) for a patient who requires, at 15 breaths per minute, a bolus volume of 12 mL at rest, of 36 mL while doing light intensity activity, and of 60 mL when doing moderate intensity activity. Table 1 . Personalisation of oxygen therapy in the control unit. Seven different options were available. Bolus volume (pulse setting 1 to 5) delivered to patient depending on the intensity of physical activity ranges from 180 mL (pulse setting 1) to 900 mL (pulse setting 5).
Setting
Pulse Setting according to Physical Activity Jumpers Setting
The control unit presents the same power consumption as the sensor unit. It is powered from the POC and causes a battery drain of 214 mAh, what supposes a decrease of about 12 min in the concentrator operating time.
Portable Oxygen Concentrator
Inogen One G2 POC was used in the study (Figure 8 ). The Inogen One G2 delivers up to 900 mL/min of 90% oxygen and supports pulsed dose delivery [44] . This concentrator has five levels for the adjustment of the oxygen needs. The oxygen dose applied to each patient in each situation depended on the previous titration by the specialist.
Inogen One G2 POC was used in the study (Figure 8 ). The Inogen One G2 delivers up to 900 mL/min of 90% oxygen and supports pulsed dose delivery [44] . This concentrator has five levels for the adjustment of the oxygen needs. The oxygen dose applied to each patient in each situation depended on the previous titration by the specialist. In general, this POC delivers 12 mL per bolus per flow setting at 15 breaths per minute (180 mL/min per-flow setting). Table 2 summarizes the bolus volumes delivered at reference environmental conditions. Slower breathing patients will receive larger boluses, and faster breathing patients will receive smaller boluses. The units were programmed using the Arduino Integrated Development Environment (IDE). The bidirectional communication between the sensor unit and the control unit takes place using low-latency Bluetooth 4.0 (BLE) with 128-bit AES CCM (counter with cypher block chaining message authentication code CBC-MAC) encryption/decryption without pairing. The messages are sent encrypted with the serial number of the sending microcontroller and it is the receiver that uses the serial number to decrypt the messages. The wireless control can be authenticated through toasts for the confirmation of the desired operations and also tracked through timestamps. BLE remains in sleep mode at all times, except when participating in a data exchange, which reduces overall energy consumption. In this manner, the sensor unit only sends messages when there is a change in physical activity intensity.
Study Design and Participants
A total of 18 volunteers (Table 3) were recruited for this study at the Pneumology, Allergy, and Thoracic Surgery Unit of the University Hospital Puerta del Mar de Cadiz (Spain) (14 male, average age 66.9 ± 12.8 years, range 60-93 years, average body mass index (BMI) 27.00 ± 3.6 kg/m 2 ). The participants selected had a diagnosis of COPD and stable chronic respiratory failure, and were receiving LTOT and using a POC. Exclusion criteria included any organic comorbidity that could cause or contribute to exertional dyspnoea that would hinder the realization of the circuit (cardiovascular diseases, metabolic or other associated respiratory diseases), COPD exacerbation within the six weeks before the enrolment or any disease that could limit the physical activity of the patient (e.g., neuromuscular or skeletal diseases). The general fragility (i.e., difficulty in walking or lack of autonomy) that could substantially prevent the patient's participation in the study was also considered an exclusion criterion, as well as the diagnosed mental incapacity. Prior to enrolment, all participants signed an informed consent form. The local ethics committee approved the study protocol.
In order to train and validate the machine learning models, an accurate reference (gold standard) was required. For this reason, the experiments were carried out in the hospital, where it was possible to observe participants closely, perform accurate references and do it under medical and technical supervision.
During a single visit to the hospital, participants were first interviewed. The Mini-Mental state examination (MMSE) was conducted and dyspnoea was measured before and after the test using the Modified Medical Research Council scale (mMRC). Then, subjects were fitted with the designed sensor unit and the Inogen One G2 portable oxygen concentrator. The participants followed the designed study protocol that started with an initial period of three minutes at rest, in a seated position. Next, participants were asked to walk, following the circuit illustrated in Figure 9 , for 12 min. Exclusion criteria included any organic comorbidity that could cause or contribute to exertional dyspnoea that would hinder the realization of the circuit (cardiovascular diseases, metabolic or other associated respiratory diseases), COPD exacerbation within the six weeks before the enrolment or any disease that could limit the physical activity of the patient (e.g., neuromuscular or skeletal diseases). The general fragility (i.e., difficulty in walking or lack of autonomy) that could substantially prevent the patient's participation in the study was also considered an exclusion criterion, as well as the diagnosed mental incapacity. Prior to enrolment, all participants signed an informed consent form. The local ethics committee approved the study protocol.
During a single visit to the hospital, participants were first interviewed. The Mini-Mental state examination (MMSE) was conducted and dyspnoea was measured before and after the test using the Modified Medical Research Council scale (mMRC). Then, subjects were fitted with the designed sensor unit and the Inogen One G2 portable oxygen concentrator. The participants followed the designed study protocol that started with an initial period of three minutes at rest, in a seated position. Next, participants were asked to walk, following the circuit illustrated in Figure 9 , for 12 min. The circuit included sections for walking, climbing and descending stairs. Participants were asked to exercise a gait pattern similar to that maintained in their daily activity in order to capture representative conditions of the activities performed in daily free-living conditions. Along the route, chairs were arranged for the subject to make stops when he/she considered necessary. Throughout the experiment, there were no restrictions on the participant's body movements. The final activity The circuit included sections for walking, climbing and descending stairs. Participants were asked to exercise a gait pattern similar to that maintained in their daily activity in order to capture representative conditions of the activities performed in daily free-living conditions. Along the route, chairs were arranged for the subject to make stops when he/she considered necessary. Throughout the experiment, there were no restrictions on the participant's body movements. The final activity consisted of sitting for three minutes.
During each test, the stop and start times of each activity were noted and a label was assigned to each period of time. In addition, the number of user interactions with the POC, the flow level selected by the patient in each section of the circuit, the number of rest episodes (seated) of the participant, the oxygen saturation and the heart rate (measured using a Nonin WristOx 2 ® Model 3150 pulse-oximeter), and the distance walked were recorded.
Automatic Classification of the Intensity of Physical Activity
Daily Activities in Patients with COPD
The metabolic equivalent of tasks (MET) expresses the energy cost of physical activities and is defined as the ratio of the work metabolic rate to the resting metabolic rate, expressed in kcal/kg/hour. One MET is considered to be equivalent to the energy cost during quiet sitting. In addition, a MET can also be defined as the amount of oxygen consumed while sitting at rest, measured in ml/kg/min. In this case, one MET is equal to the oxygen cost of sitting quietly, equivalent to 3.5 mL/kg/min. A third definition relates MET to the rate of energy produced per unit surface area of an average person seated at rest, expressed in W/m 2 [45] . Different intensity physical activities entail different energy costs and therefore require varying levels of oxygen consumption. Table 4 describes the physical activities considered in this study. High intensity physical activities were not addressed since they are not expected in patients with COPD and respiratory failure. As described above, the amount of oxygen supplement required for each patient according to the intensity of the physical activity is titrated by the specialist at the initiation of therapy. A change in the intensity of the physical activity performed by the patient poses a need for updating the amount of oxygen provided by the POC [46] . MET: The metabolic equivalent of task.
Data Processing and Features Extraction
The data from the accelerometer and from the gyroscope (X, Y and Z axes) were collected at a sampling rate of 25 Hz. The acceleration signals were divided into windows of 3 s (75 samples) without overlap, which was considered enough to capture significant properties of the signal. Activities of different intensity were identified from annotated labels.
In order to remove the DC component in the IMU signals, a high-pass filter with a cut-off frequency of 0.15 Hz was applied. The filtering was implemented using a low-pass IIR filter whose output was subtracted from the original signal.
For each of the time windows, 98 time-domain features were extracted from the six filtered acceleration and gyroscope signals. The explored features are detailed in Table 5 . Features from the frequency and non-linear domains were excluded to reduce the computational burden in the microprocessor when implementing the real-time classification model. 
Features Selection
In order to improve the computational efficiency and reduce the generalization error of the model by removing irrelevant features, a wrapper feature selection approach was followed. The space of attribute subsets was searched by greedy hill-climbing augmented with a backtracking facility [47] . The search started with an empty set of attributes and search forward. The number of consecutive non-improving nodes allowed before terminating the search was 5. The feature selection algorithm operated in tandem with different machine learning classifiers and classification accuracy at each step was compared. The entire training-internal validation process is shown in Figure 10 . 
Classification and Internal Validation
A binary hierarchical classification structure (BHC) with two classifiers was chosen due to its computational simplicity [48] . Figure 11 shows the proposed architecture of a hierarchical classifier that requires two pairwise classifiers arranged as a binary tree with three leaf nodes, one for each class, and two internal nodes, each with its own feature space. Each of the two internal nodes consisted of a classifier and a set of features specific to it. The coarse separation between classes (sedentary vs active intensity of physical activity) occurred at the upper level in the hierarchy and a finer classification decision (light vs moderate intensity) at a lower level [49] . The architecture had a balanced binary hierarchical structure, in which the two meta-classes at each node had the same number of classes. For this study, decision trees (DT), Linear Discriminant Analysis (LDA), Logistic 
A binary hierarchical classification structure (BHC) with two classifiers was chosen due to its computational simplicity [48] . Figure 11 shows the proposed architecture of a hierarchical classifier that requires two pairwise classifiers arranged as a binary tree with three leaf nodes, one for each class, and two internal nodes, each with its own feature space. Each of the two internal nodes consisted of a classifier and a set of features specific to it. The coarse separation between classes (sedentary vs active intensity of physical activity) occurred at the upper level in the hierarchy and a finer classification decision (light vs moderate intensity) at a lower level [49] . The architecture had a balanced binary hierarchical structure, in which the two meta-classes at each node had the same number of classes. For this study, decision trees (DT), Linear Discriminant Analysis (LDA), Logistic Regression Classifier (LR), Support Vector Machines (SVM), and Radial Basis Function (RBF) classifiers were evaluated as candidates for each of the internal nodes. Several weighted metrics were used to measure model performance: precision, recall, and F1measure, defined as the weighted average of precision and recall. Additionally, sensitivity (Se), specificity (Sp), and the geometric mean of sensitivity and specificity (G) were estimated. Finally, the receiver operating characteristic (ROC) curve was computed and the area under the curve (AUC) for each class was estimated. Signal processing and model training and validation were performed using MATLAB software (Mathworks Inc., Natick, MA, USA) and DTREG predictive modelling software.
Technical Pilot Test
In the final stage, five participants went through the circuit designed during the previous phase, using the POC in automatic mode (iPOC). Demographic and clinical data for these patients are shown in Table 6 .
This feasibility pilot was conducted with the purpose of examining technical and usability issues, and the differences in the changes in blood oxygen saturation with respect to the circuit performed in manual mode. Special attention was paid to the number of oxygen desaturation episodes and to the maximum and minimum SpO2 values during the test.
Usability
After each experiment, a semi-structured interview was conducted with the involved patient, in order to obtain information regarding the usefulness, ease of use and expectations of the participant.
In addition to the 18 patients enrolled, 15 additional patients under LTOT were interviewed by phone, in order to have a more significant sample.
Three main questions were asked in the interview:
1. Do you consider a system such as the one proposed to be necessary? 2. Would the automatic concentrator promote your out-of-home activities? 3. In your daily use of the concentrator, do you forget to adjust the recommended dose of O2 when the intensity of your physical activity varies?
Ω4={1} Ω5={2} Ω3={0} Figure 11 . The proposed binary hierarchical classifier (BHC) applied to the classification of the intensity of physical activity. Given that the classifier operates with three classes, its structure has 2 internal nodes and 3 leaf nodes. Each internal node is comprised of a set of features (ψ i ) and a classifier (φi). Each node n is associated with a set of classes. In this study, classes are defined as: 0 = sedentary physical activity; 1 = light-intensity physical activity; and 3 = moderate-intensity physical activity.
The FSM machine described in Section 2.1.1 was added to the BHC as an output layer to enhance safety. Each classifier was trained with leave-one-subject-out cross-validation (LOSO-CV) scheme, where data from 17 participants were used for training the classifier, and the remaining participant data for evaluating the model performance. This process was repeated 18 times so that each participant was used once for validation.
Several weighted metrics were used to measure model performance: precision, recall, and F1-measure, defined as the weighted average of precision and recall. Additionally, sensitivity (Se), specificity (Sp), and the geometric mean of sensitivity and specificity (G) were estimated. Finally, the receiver operating characteristic (ROC) curve was computed and the area under the curve (AUC) for each class was estimated. Signal processing and model training and validation were performed using MATLAB software (Mathworks Inc., Natick, MA, USA) and DTREG predictive modelling software.
Technical Pilot Test
In the final stage, five participants went through the circuit designed during the previous phase, using the POC in automatic mode (iPOC). Demographic and clinical data for these patients are shown in Table 6 . This feasibility pilot was conducted with the purpose of examining technical and usability issues, and the differences in the changes in blood oxygen saturation with respect to the circuit performed in manual mode. Special attention was paid to the number of oxygen desaturation episodes and to the maximum and minimum SpO 2 values during the test.
Usability
1.
Do you consider a system such as the one proposed to be necessary? 2.
Would the automatic concentrator promote your out-of-home activities? 3.
In your daily use of the concentrator, do you forget to adjust the recommended dose of O 2 when the intensity of your physical activity varies?
In questions 1 and 2, the subject was asked to describe his/her degree of agreement on a Likert scale from 1 through to 5, with the strongest positive agreement being 5. To assess usability, the System Usability Scale (SUS) was used in the technical pilot test. SUS is a 10-item questionnaire with 5 response options ranging from strong agreement to strong disagreement. The SUS possible values range from 0 to 100 [50] .
Results and Discussion
Model Training and Internal Validation
The dataset used in this study phase included 18 patients, and three different classes with 2160 epochs of sedentary, 3115 epochs of light activity and 550 epochs of moderate activity. Figure 12 illustrates the signals acquired in a time window during different activities along with a test.
Results and Discussion
Model Training and Internal Validation
The dataset used in this study phase included 18 patients, and three different classes with 2160 epochs of sedentary, 3115 epochs of light activity and 550 epochs of moderate activity. Figure 12 illustrates the signals acquired in a time window during different activities along with a test. Table 7 shows the dimensions of the feature set that resulted from the wrapper-based Sequential Feature Selection (SFS) approach for each of the explored models and classifiers. Table 7 shows the dimensions of the feature set that resulted from the wrapper-based Sequential Feature Selection (SFS) approach for each of the explored models and classifiers. Table 8 shows the model performance achieved by classifiers φ 1 and φ 2 , respectively, using the selected feature set for each trained and validated algorithm. In the case of φ 2 , and given the large imbalance between classes, instances of light activity were weighted in order to balance target categories. The weights were adjusted so that the sum of the weights for the instances within each target category was the same. Table 8 .
Performance metrics of classifiers φ 1 and φ 2 for each cross-validated machine learning algorithm.
Method
Accuracy The results show that the φ 1 classifier implemented using SVM was able to discriminate between sedentary and active physical activity with a maximum value of F1-measure, G, and AUC of 97.92%, 97.03% and 0.99 respectively. In the case of the φ 2 classifier, designed to discriminate between light and moderate-intensity physical activities, maximum F1-measure, G and AUC were 79.25% (LDA), 97.13% (SVM) and 0.99 (SVM, LDA, MLP) respectively. The lower performance shown by classifier φ 2 is explained by the difficulty in discriminating between up and downstairs activities, which has already been reported in other studies.
According to the results found, the LDA model, which demonstrated a better compromise between sensitivity and specificity, and the higher AUC, was chosen for implementing the classifier φ 2 in the hardware. For classifier φ 1 , the J48 decision tree was chosen for the hardware deployment. Although the SVM algorithm obtained better results in terms of G, it was discarded given that the differences in performance were minimal and the computational cost of the SVM and its associated feature space was significantly higher. Figure 13 shows the Receiver Operation Characteristics (ROC) curves for each class and both classifications approaches. Table 9 illustrates the confusion matrix and the performance metrics for the build two stages of classification procedure (BHC). The BHC was able to achieve a weighted-F1 measure of 85.9% with weighted-precision and weighted-recall of 85.9%, and 86.1%, respectively. Table 9 illustrates the confusion matrix and the performance metrics for the build two stages of classification procedure (BHC). The BHC was able to achieve a weighted-F1 measure of 85.9% with weighted-precision and weighted-recall of 85.9%, and 86.1%, respectively.
During the completion of the circuit, the participants had to manually adjust the oxygen flow several times during the route. The total number of adjustments required for the rounds completed was 96. By contrast, participants only manipulated the oxygen concentrator to suit the needs of O 2 demanded by the physical activity performed on 17 occasions, which showed underuse (only 17.7% of needed adjustments were carried out) of the device that could potentially lead to oxygen desaturation events. 
Technical Pilot Test
The technical pilot test was carried out in a controlled environment in the hospital. The participants walked the same circuit designed for data collection for model training and internal validation. Figure 14 shows one of the participants during the test carrying the POC and the auxiliary units designed for its automation. Table 10 synthesizes the results obtained by the BHC using the same performance metrics applied for internal validation.
Again, the accuracy achieved is high (91.1%) but conditioned by the errors in the classification of the activities up/downstairs. These errors are caused by the inherent difficulty in classifying these tasks, and by the different pattern in each patient's gait, which depends on their physical condition. As a general rule, patients with COPD and respiratory failure who are receiving LTOT avoid using long flights of stairs, thus errors made in this regard cannot be considered critical in a real-life scenario. Table 10 synthesizes the results obtained by the BHC using the same performance metrics applied for internal validation. Again, the accuracy achieved is high (91.1%) but conditioned by the errors in the classification of the activities up/downstairs. These errors are caused by the inherent difficulty in classifying these tasks, and by the different pattern in each patient's gait, which depends on their physical condition. As a general rule, patients with COPD and respiratory failure who are receiving LTOT avoid using long flights of stairs, thus errors made in this regard cannot be considered critical in a real-life scenario. Table 11 shows a comparison of the results for changes in blood oxygen saturation for each of the five participants during manual mode (conventional use of the device) and automatic mode tests (proposed iPOC). Table 11 . Changes in blood oxygen saturation levels during the tests performed using the conventional portable oxygen concentrator (POC) and the proposed intelligent POC (iPOC).
Mode
Automatic An overall reduction in the number of desaturation events can be appreciated in four out of the five subjects. In the same four patients, the average blood oxygen saturation values were increased with respect to the POC test in manual mode. In the same way, the minimum blood saturation values were also improved. The cumulative time spent with SpO 2 below 90% (CT90) and 85% (CT85) again showed a generally better response when the iPOC was used.
Subject 5 deserves a special mention. He went around the circuit with reduced mobility due to the use of a crutch as a result of an episode of low back pain. Additionally, he showed signs of exacerbation within few days after the test. Some authors have detected significantly decreased saturation in the period of seven days preceding exacerbation [51] , so we think that the result of the test could have been biased by these factors. Figure 15 illustrates the change in blood oxygen saturation pattern on exertion for one of the participants. The stabilization of SpO 2 values, the reduction in the number of desaturation events, and the higher mean value obtained with the use of the proposed system can be clearly observed. An overall reduction in the number of desaturation events can be appreciated in four out of the five subjects. In the same four patients, the average blood oxygen saturation values were increased with respect to the POC test in manual mode. In the same way, the minimum blood saturation values were also improved. The cumulative time spent with SpO2 below 90% (CT90) and 85% (CT85) again showed a generally better response when the iPOC was used.
Subject 5 deserves a special mention. He went around the circuit with reduced mobility due to the use of a crutch as a result of an episode of low back pain. Additionally, he showed signs of exacerbation within few days after the test. Some authors have detected significantly decreased saturation in the period of seven days preceding exacerbation [51] , so we think that the result of the test could have been biased by these factors. Figure 15 illustrates the change in blood oxygen saturation pattern on exertion for one of the participants. The stabilization of SpO2 values, the reduction in the number of desaturation events, and the higher mean value obtained with the use of the proposed system can be clearly observed. Improvement in oxygenation is attributable to the fact that the adjustment of oxygen flow during daily living activities in response to higher oxygen demand is done, in conventional POCs, manually by the patient. Incorrect use in the oxygen flow adjustment or adjustment made with a delay relative to the change in physical activity intensity often leads to desaturation episodes [24] . Table 12 presents a synthesis of the results obtained in the semi-structured interview with the participants in the initial phase. Improvement in oxygenation is attributable to the fact that the adjustment of oxygen flow during daily living activities in response to higher oxygen demand is done, in conventional POCs, manually by the patient. Incorrect use in the oxygen flow adjustment or adjustment made with a delay relative to the change in physical activity intensity often leads to desaturation episodes [24] . Table 12 presents a synthesis of the results obtained in the semi-structured interview with the participants in the initial phase. Table 12 . Results from the semi-structured interview.
Usability
Question
Average Likert Score 1. Do you consider a system such as the one proposed to be necessary? 5 ± 0 (33) 2. Would you the automatic concentrator promote your out-of-home activities?
5 ± 0 (33) 3. In your daily use of the concentrator, did you forget to adjust the recommended dose of O2 when your degree of physical activity varies?
The patient consciously does not adapt the flow •
The patient ignores that he has to adjust it 51.5% (17) 30.3% (10) 18.2% (6) All the patients interviewed considered that a system capable of automatically regulating the oxygen flow in the concentrator was necessary. They also felt that such a system would help increase physical activity outside the home. The high percentage of patients who admit to forgetting to adjust the concentrator when faced with changes in physical activity intensity (51.5%) is noteworthy. Similarly, the percentage of patients who consciously skip the adjustment of the oxygen flow is outstanding. Finally, the average SUS score calculated after the technical pilot test was 79 ± 11.4. There was one participant that had an average SUS score of 95, followed by scores of 85 (1/5), 75 (2/5), and 65 (1/5). In the research, the average SUS value is 68, which can be considered a benchmark. The achieved value of 79 indicates significantly better usability than average [52] .
Conclusions
The long-term benefits of oxygen have been proven since the 1980s in certain respiratory conditions such as COPD. Very recently, future research in oxygen therapy has been pointed at developing and evaluating new models for therapeutic oxygen patient education and improving portable oxygen devices [53] . It has been reported that, when compared to the conventional POCs, the closed-loop POCs can maintain higher saturation levels, spend less time below the target saturation, and save O 2 resources [25] . The correction of exercise hypoxemia in lung diseases like COPD is crucial and challenging [54] , and automatic POCs can contribute to the individualized adjustment of oxygen flow.
Currently, the challenge of designing closed-loop portable devices which are able to adjust O 2 flow automatically is being faced by mainly using indirectly measured blood oxygen saturation as a process variable to close the loop. However, the robustness of control algorithms and the limited reliability of current oximetry sensors are hindering the effectiveness of this approach.
In line with all the above-mentioned factors, this study presents the proof of concept of an alternative approach: a system to transform a conventional POC into a closed-loop controlled device capable of automatically self-adjusting, in real time, the oxygen flow supplied to the patient according to the intensity of the physical activity carried out by the user under LTOT.
A sensor unit capable of detecting the physical intensity developed by the patient (in real time) has been developed and evaluated. This sensor unit can wirelessly connect to the POC for the self-adjustment of the oxygen flow. The system has been designed with the flexibility to customize up to seven different oxygen therapy profiles. The developed iPOC was tested with a widely used commercial POC unit. For this purpose, a treadmill circuit was designed that included basic physical activities most common in the daily practice of elderly patients with respiratory disorders. Different models were trained and validated using artificial intelligence techniques, a wrapper approach, 98 time-domain features, and data from 18 patients with COPD and respiratory failure. A final meta-classifier (BHC) was designed and deployed in the sensor unit to operate in real-time. A weighted accuracy of 91.1% was achieved in the technical pilot test with five patients. A reduction in the number of desaturation events was achieved in 80% of patients as well as improved minimum and average blood oxygen saturation values compared to the POC in manual operating mode. In these cases, CT90 and CT85 also showed a promising better response when the iPOC was used. Finally, all interviewed patients (N = 33) considered that the proposed iPOC satisfied them, and could promote their physical activity outside the home.
Among the limitations of this study were those related to hypoxia. In this regard, the combination of the proposed system with the novel oxygen reserve index (ORI) included in the new generation of pulse oximeters that use multi-wavelength pulse co-oximetry might improve oxygen titration and enable the prevention of unintended hyperoxia [55] .
A closed-loop control system, like the proposed iPOC, has clear potential benefits, including improved oxygenation regardless of physical activity and enhanced patient follow-up and compliance with therapy recommendations. In addition, closed-loop oxygen supply systems have shown that they can potentially reduce medical error, improve morbidity and mortality, and reduce care costs [22] .
Future research steps include the miniaturization of the sensor unit, expanding the study sample, and the home monitoring of the patients while using IPOC during daily tasks in an unsupervised environment, in order to obtain clinical evidence of the impact that this approach may have on the targeted patient population. Funding: This research was funded by grants from"Consejería de Salud y Familias de la Junta de Andalucía" and "Iniciativa Territorial Integrada [ITI] 2014-2020 para la provincia de Cádiz" (PI-0006-2017); and by "Consejería de Salud y Familias de la Junta de Andalucía" (PIN-0053-2017).
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